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Abstract erated patch conveys, with more or less fidelity, the tone value de-
sired in a synthetic drawing. The synthetic drawing system can
We present a new approach to synthetic (computer-aided) drawingmanipulate two- or three-dimensional objects. In the case of a
with patches of strokes. Grouped strokes convey the local intensitythree-dimensional drawing system, the strokes can be seen as two-
level that is desired in drawing. The key point of our approach is dimensional object attached to three-dimensional surface. Figure 1
learning by example: the system does not kreoriori the dis- illustrates this concept.
tribution of the strokes. Instead, by analyzing a sample (training)
patch of strokes, our syst?m is at_)lefo synthesize freely an arbitrarylll Previous Work
sequence of strokes that “looks like” the given sample. Strokes are
considered as parametrical curves represented by a vector of ranSeveral attempts have been carried out in the past in order to provide
dom variables following a Markovian distribution. Our method is computer graphics support for drawing. Let us enumerate some of
based on Shannoni-gramapproach and is a direct extension of them that are directly related to the present work.
Efros’s texture synthesis models [EL99; EFO1]. Nevertheless, one  Winkenbachet al. and Salisbury/T al. in their pioneering work
major difference between our method and traditional texture syn- [WS96; WS94; SABS94; SALS96; SWHD97] introduced a com-
thesis is the use of such curves as a basic element instead of pixprehensive system for computer-aided pen-and-ink illustrations. In
els. We define a statistical metric for comparison between different the most advanced version, sets of pen strokes are defined accord-
patches containing various layouts of strokes. We hope that ouring to a user-defined vector field of orientations combined with ran-
method performs a first step towards capturing a very difficult no- dom variations. Elber [Elb95; EIb99] and Hertzmaatral. [HZ00]
tion of style in drawing — hatching style in our case. We illustrate explored geometrical properties of surfaces in order to determine
our method by varied examples, ranging from typical hatching in automatically the direction and the spacing of the strokes in stroke-
traditional drawing to highly heterogeneous sets of strokes. based illustrations. Sousa and Buchanan [SB99] proposed a system
for simulation of the process of interaction between pencil and pa-
per in drawing. The system produces visually plausible results; it
1 Introduction is mainly focused on the rendering quality of the drawing process.
This system does not support the higher level “style of drawing”.
Non-photorealistic rendering (NPR) is a domain of computer  Durandet al. [DOM*01], introduced an interactive system for
graphics that has grown very rapidly during the last five years. In digital drawing with control of tonal fidelity. In their system, the
the present contribution, we shall focus our attention on one par-user has to place each individual stroke manually. A rudimentary
ticular trend in NPR that simulates traditional artistic media and System for semi-automatic grouped stroke placement was proposed,
rendering techniques. More specifically, we will explore an aspect but is clearly insufficient. The technigue introduced in the present
of freehand drawing: the relation between strokes in various tech-contribution may considerably improve the system proposed in
niques of hatching that convey particular tone values and that obey{DOM*01]. Praunet al. [EPFO01] proposed a real-time system
a freely-defined notion of hatching style. Some commercial pro- that enables hatching 3D objects using a set of user-defined hatch-
gram for computer-aided illustration (e.g. lllustrator or FreeHand) ing rules producing an appearance very close to drawing. Hamel
offer rudimentary tools for generation of fields of hatching strokes and Strothotte [HS99] introduced théP-templatesnethod used to
using user-defined global parameters, like mean density, length andransfer a drawing style from a 3D model to another one. Although
randomness of strokes etc. Our system for hatching by exampletheoretically such a system allows defining hatching rules of arbi-
offers a further step in sophistication and flexibility of hatching in trary complexity, in practice it is very hard to define a general style
computer-aided hatching for drawing. of hatching by example. Example based line art has also been ad-
Our ultimate long-term goal can be formulated as follows: we dressed by Freemaet al. [FTP99] and Cheret al. [CXS'01]
would like to be able to generate combinations of strokes that “look but none considered the strokes as being component of a MRF. We
like” a set of strokes in a given sample patch that contains a “train- hope that our present contribution will help to open a way towards
ing set” of strokes. The sample patch can originate either from simpler and more intuitive ways to define the style of hatching in
existing artwork, or can be interactively created by a user. The gen-drawing.
Many other important references related to artistic rendering
*http://www. iro.unontreal .ca/~ostrom with strokes can be found in [GG01a] as well as on well-known web
sites maintained by Craig Reynolds [Rey01] or by Amy and Bruce
Gooch [GGO01b] and in [DC90; Hae90; SP&}; RK0O; TF0Q].
We built our research on recent work done in the field of texture
synthesis [WL0O; WLO1; Ash01] and particularly on Efros’s con-
tributions [EL99; EFO01], as it will be explain in the next sections.

1.2 Problem Statement

As formulated before, our long-term goal is almost intractable be-
cause it involves many difficult problems. First, reliable detection
of individual strokes in a freehand hatching image is a very difficult



Generated and
projected
set of strokes

k

Generated set of
strokes: Zg

Training set of
strokes: Z;

a : historical drawing style
b : user-defined style

2D synthetic set of strokes Projection on a 3D model

Figure 1: Our long-term goal can be formulated this way: from a given training artwork gafoh from a user-defined set of strokes
gathered from an artwork, step X), generate a 2D synthetic stroke Rgticat "looks like” Z (step Y) . The generated strokes could then be
used in a 2D and/or a 3D scene (step Z). In the present contribution, we shall focus only on step V.

computer vision problem when the information about the sequenc- Even if many visual metrics are currently known and widely
ing of individual strokes is not available. Second, the criterion of used, they are not well suited to fit our specific needs. Instead,
similarity between the training set of strokes and the synthetic one iswe will characterize the pen stroke sésand Zg via their den-
highly subjective by its very nature. Although some mechanisms of sity functionR(x) andPy(x) and find astatisticalmetric based on
low vision are well understood by experimental psychologists, the these values. Despite its limitations, this metric provides a tractable
interpretation of higher levels of perception — namely, the mecha- framework for the first-approximation evaluation of differences be-
nisms of cognition — are far more difficult to grasp and to manipu- tween sets of strokes. In order to validate our approach, we will
late. illustrate how that statistical metric fits human perceptual quality
For these reasons, we will consider a simplified version of the appreciation (see Figure 3). We shall discuss the advantages and
problem statement. We shall consider only an interactive versionthe limitations of our approach in the appropriate sections.
of a one-dimensional training set of strokes that naturally imposes
the sequence of the strokes through the order in which individual
strokes in the training set are drawn. Let us reformulate the problem
statement for the task that will be explored in the present paper (se€_et us consider a stroke sequeiZesimilar to the one presented on
Figure 2): Figure 2. This sequence can be formally represented by tize-set
{X0,X1,%2,...,Xn} = X3 wWherex; is a stroke defined by a vector of
parameters associated with a random variapl&/e considei; to
be a realization of a Markov Random Field (MRF). In other words,
we consider that the conditional probability of a random variaple
associated with a stroke depends on its close neighborhood:

1)

Wherex{)’1 is the set of all strokes appearing befoxrandx}jh is
the sequence dfl — 1 strokes located beforg. Equation (1) is a
Markovian model of ordeN — 1 [Ben99]. The stroke set; that
we want to generate needs to be different frgravhile having the
same conditional probability:

P =% X") = pg(Yi = yily TR) )

whereY, is the random variable associated with the generated
strokesy; € Zg. Because of this, we made the decision to base
Figure 2: The objective of this paper can be formulated this way: our model on Shannonl-gram[Sha51] which is a simple marko-
given a training set of strokes, we want to generate a second strokevian approach that was recently use in the context of texture syn-
set that “looks close to it". thesis [EL99; EF01; WL0O; WLO01]. The main advantage of Shan-
non’s method is its algorithmical simplicity combined with a fairly
The way we intend to generate the strokeZes by implement- good overall visual quality of the results. Nevertheless Nfgram
ing a method inspired of Efros’s 1999 paper on texture synthesismethod is not perfect and, as Efros has mentioned [EL99], it has
[EL99]. This approach is based on Shannad:gramand thus is a tendency to diverge after a few iterations. When it diverges, the
suitable for the problem of one-dimensional stroke sequence syn-difference between the generated Zgtind the training sef; is

1.3 Model Description

1. Given a training sef;, generate a new set of strokggthat
“looks like” it.

With the help of an objective visual cost function, evalu-
ate the “visual distance” between the sets. This cost func-
tion can be statistically approximated bysd ati sti -

cal _di st ance( %, Zg), as presented in Figure 3.
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thesis. The visual cost function will be a complementary tool to the
stroke synthesis algorithm since it will provide an indication of the
overall quality of the generated stroke Zgt Furthermore, because

that metric will be used in parallel of the synthesis process, it will
be able to indicate if and where the generated sequence diverges.

clearly visible. For this reason, we need to implement an objective
metric that will indicate how visually different the generated stroke
set is from the training set. This tool will also help us locate where
the method starts to diverge. We made the assumption that if Shan-
non’s method is an appropriate one for the problem we are trying



to solve, the generated set’s conditional distribumrxn\x,']‘:,\ll) (
should be statistically “close” to the training set’s conditional distri- |
1 |
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bution Py(YaYI—). The distance between these two distributions
will give us an indication of how well suited our method is. In other
words, we intend to make a relation between this statistical metric
and the human visual appreciation of the difference between the
stroke sequences.
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Figure 4: According to a given stroke sequence Z, the goal of our
method is to find the best strokg to put at the end of it. A good
stroke is one that respects the preceding stroke pattern.
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1.4 Our Contribution

// contribution, we replace the letters by strokes and the English sen-

statistical_distance(ztzg)=0.1  [€NCES by stroke sets. In that context, Fheneasure is given by
20 Zgis visuglly similar to Zt
2 ¢ Fu= -3 POTN %) 1og POw XY 3)
\
-1 -1
/ / >< / / / / / statistical_distance(Zt,Zg)=0.5 wherext_1, are the lasN — 1 strokes so far generatepl¥_ %, x,)
zt: 2g: Zgis moderately similarto Zt  the joint probability of the N-gram sequence{j:(,{,,xv) and

p(xﬂxtj,) the conditional probability of having strokg given

the lastN — 1 strokes.p(xtjh,x\,) can be understood as being the
statistical_distance(2t,2g)=2.1  *word frequency”, which is (in English prediction), the relative fre-
zt Zg: Zgis visually different from 2t g ancy of a given word in the English language. For example, the

most frequent English word “the” has probability 0.071 while the
Figure 3: This illustrates the relationship between the statistical S8¢0nd most frequent word “of” has probability 0.034 [Sha51]. In
metric and the visual impression. the context of stroke synthesis, we QO not ha_ve a dlctlor_wary of words
that could inform us of the probability of having a certain sequence
) ) o of strokes. For this reason, we consider all stroke sequences of size
This paper has two main contributions: N to be equally probable. This leads us to a simpler N-gram entropy
measure

1. Propose ai-grambased method to synthesize a sequence of
strokesZg that “look like” a given training seZ. By doing _ 1 k-1
this, we are approaching the notion of style of hatching in Fn = —Zﬂlog P(xvIX ) (4)
drawing.
) o ) ) where the constarf is the total number of stroke sequences hav-
2. Finda s_tatﬁtmal metrlcfthat Ifo”e|aaes _theTfLuman \/_lsua}:lréer- ing lengthN. Intuitively, we might want to find théeststroke for
ception in the context of stroke synthesis. This metric will be ; k=11 i ; ; ; o
used to evaluate the overall qualityffcompared t@; while which P(-XV‘Xk*N) is maximal. Doing t_h|s would be appropriate if ;
q ing if and when th hod d the training set was very large. But in a context where that set is
etecting It and when the method diverges. relatively small, using only thbeststroke would turn our problem
into a deterministic one. To avoid that, instead of finding only one

The remainder of this paper is organized as follows. In section 2, best stroke, we shall consider S, the set opteLisiblestrokes

we will formalize the problem by elaborating the statistical basis of
our approach. Section 3 shows some results while section 4 makes o imro k=1 )
reference to the method limitations. Section 5 discusses conclusion S= {%[p(ix_j) > CAND X € Z} ®)

and future work. ) 1
wherec is a constant andt:N are the lasN — 1 strokes so far

generated. As Efros previously suggested, we linked the local con-
2 Underlying Statistical Theory ditional probability with theEuclidean distancdetween the two
neighborhoodst~Y, andX~%, via the following Gibbs probability:
2.1 The Generation Model

Let us consideZ = {xg,X1,X2, ..., Xk_1} = xg‘l a given sequence
of strokes where is a stroke and its associated random variable . . . 1
X; follows a conditional probabilityo(X X/ ~%). Each stroke is whered(.) is the Euclidean _dlstance betwe)ég,\, (the lastN — 1
defined as a parametrical curve and is represented by a vector o§trokes in the sequence) axéﬂh (the N — 1 strokes preceding).
dimensiond whered depends on the complexity of the curve. Be- The new strokeg is taken randomly from S. Here is an algorithm
cause of the specific needs of our algorithm, all stroke5 las to that schematically describes how the generated;sistsynthesize
have the same dimensiah As shown in Figure 4, the objective is  from the training se¥;:
to find a strokeg that would best fit at the end of the sequence.

In the 1940’s, Shannon studied the problem of language pre- Function GENERATE_STROKES(Z:,S,5;.N):
diction which is, in many respects, similar to the stroke synthesis .  Allocate Ziemp a temporary array of strokes having size
problem. According to a statistical knowledge of the English lan- § + &
guage, his objective was to predict the next letter of a text when.  AllocateZg, an array of strokes having sigg

p(xi[X L) O e xRl (6)

the previousdN — 1 ones are known. He came up with a solution by . Ziemp+ Z
introducing the famougy measure called thd-gram entropy It . For ifrom 1to § Do
measures the avage uncertainty (conditional entropy) of the next . S+« GET_PLAUSI BLE_STROKES(Zt,N)

letter when the preceding N1 are known[Sha51]. In the present . X; < pick randomly one stroke from S



Appendx; to Ztemp true conditional distance between the two stroke sequences, we may
Appendyx; to Zg wonder howKL, can give any good information dfiL;.
Return Zg We stated at equation (2) that the generated strokggneed to
be sequenced the same way they arg&inTo be true, one inher-
ent condition is to have two similar priori distributions. In other

Function GET_PLAUSI BLE_STROKES(Z;,N): words, the two sequences need to use the same strokes and at the

AllocateS, the list of plausible strokes same rate. Consequently, whi€h; is small, it implies thakL; is
7 «+ the lastN — 1 strokes o small too:

For all sequenceg; of lengthN —1in Z Do

dst«+ EUCLI DEAN.DI STANCE(z,z) KLj is small=- KL; is small 9)

If e=lldstl > ¢ AND z; # 7 Do

Appendz to S But because of the forward direction of this statement, having a

Return S smallKL; implies nothing abouKL;'s value. On the other hand,

we can say that whelkL, is largeKL; has to be large too:

2.2 Statistical Distance Between the Training and Klzlslarge= KL Islarge (10)
Generated Sets In other words, whetKL; is large, it tells us that the strokes in
Z; are generally not the same as those foundyin Under these
conditions, there is no wa&g can be similar t&;. KL is thus only
meaningful when its value is large since it provides an indication of
Cfhat thetrue conditional distance between the sgf|ndz is.
We mentioned earlier that our algorithm has a tendency to di-
erge. When testing our method, we empirically observed that the

Now that we have a method to generate the stroke sequgfroen

a training sequencg, we want to know how “far” these two se-
guences are from each other. In other words, does the sequen
generated by thdl-gramalgorithm have the same statistical prop-
erties as the training one? To compute that “distance”, we use theV

respective conditional distributiorB(X|X,_) and Py(Y Y ) first generated strokes were generally well chosen. But when the
and calculate theikullback-Leibler distance KL) (orasymmetric  system starts to diverge, it often loops over and over on the same
divergencgBis95]) stroke subset. This frequent problem is one that can be efficiently
_ K1 ) detected by the metriKL, because whenevé{L; is large, it im-
KL : KL(R (XX PaYkIVCR)) = plies thatkL; is too. In other words, when the method starts to
yk|yt_h reuse the same strokes over and oW, reaches large values

7/00 RWV{:@ ngﬁ X ) telling us thatkL; (thetrue distance) is also getting larger.
—® P (%X )

Becausé?(.) is the training set distribution, we hope ttigt.) is as 2.4 Density Estimation
close as possible to it. In fact, it can be easily shown that equation
(7) reaches its minimum wheR(.) = Py(.) and gets bigger when
Py(.) differs fromRy(.)

The a priori distribution P(x) of a stroke se¥ is not known at
first and thus needs to be estimated. We know from the theory of
probability that if a random variable X has a density funct®(X)

and a probability q(x), then

2.3 The Curse of Dimensionality

.1
The conditional distributiong (XX~ \) andPy(Yi|Y,7}) are gen- G(x) = lim o a(x—h <x<x+h) an
erally not knowna priori. To compute these functions, we have to
empirically estimate them from the training strokes Zednd the Given a list of points and a given window h, we can commgte—

generated sefy. With anN-gramwindow width N and a stroke h < x < x+h) using anaive estimatofSil86] by calculating the
dimensiond, the density estimation process will have to deal witha number of points; falling into the intervalx— h,x+h] as follows:
total of D = N x d dimensions. A serious problem calldt curse

of dimensionalityBis95; Bel61] arises when D reaches large val- A 1
ues. For instance, if we divide each dimension into a discrete set (x) = 2hn
of M bins, the strokes will be located in a world P bins. This

implies that the number of bins grows exponentially with the stroke where n is the total number of points in the list. We can rewrite
complexity and the window width. In this way, if we have a small equation (12) using kernel function K(known as théParzen win-
number of strokes dispersed if#? bins (whereD is large), most dow|[Bis95; Sil86])
of the bins will be empty and the density estimation process will fail

to accurately estimate the density function. Consequently, a reason- E(x) = 1 i K X—
able estimation foR (XX }) andPy(Yk|Y &) would require an nh Z
enormous stroke database and would bring our problem towards in-

tractable solutions. To work around that dead end, we deuded towhere h is called themoothing parameteand K satisfies the con-

< no. ofx; falling in [x—h,x+h] > (12)

(13)

replace the conditional dlstrlbut|0|1FS(Xk|Xk n) and P@,(Yk\Yk N) dition
by thea priori distributionsR (X) andPy(Y). The Kullback-Leibler o
distance then becomes / K(x)dx=1 (14)
. a(Y)
KLz 1 KL(R(X)|[Py(y)) = */_mpt(x)lnmdx (©) A common choice for that kind of kernel is the Gaussian function.
This leads to

From a formal point of view, making such a simplification may
appear clumsy and inappropriate since equation (8) is not an ap-
proximation of equation (7). Furthermore, knowing tKa is the

2

o U0 (15)

. 1
Gx) = nh 2 2

M:

T



Combining equation (15) to the stroke density estimation problem 3.2 Results and Applications

gives us . . . .
In the present section, there are three major questions we intend to

10 1 ”X*XiHZ answer:
P(X) - Z o\d zexp{_ 2 } (16) . .
n& (2nhe) / 2h 1. DoesKL; correspond to the human visual perception?
wherex; € Z is a stroke of dimensiod. If Z contains normally 2. Using theKL, metric, is it possible to detect when the algo-
distributed data with unit variance, we can compute the optimal rithm starts to diverge?

smoothing parameterb; [Sil86] instead of using a constahnt

3. How can we generalize this technique to two-dimensional
4 drawing?

ovt = (541
In order to answer the first two questions, we manually created sev-

wheren is the size oZ andd is the dimension of the strokes. The eral stroke sequenc@and launched our algorithm over them. We
density estimation process can be summarized by the followingthen closely observed the relation between the result qualify of

T xn-aa 17)

pseudo-code: and the value oKLy.
At first, we generated three sequendgdrom a single training
Function DENSI TY_ESTI MATI ON(Z) sequencé;. As shown in Figure 5, we kept constant the siz&pf
d « the dimension of the strokes i andZ; but varied the window widtiN. We can clearly see that a
n « the number of strokes if window width of 4 is inappropriate regarding the visual quality. The
If the strokes are normally distributed with unit variafideen value ofKL; also corroborates this observation since it is nearly 10
h « COVPUTE_OPTI MAL _H(d,n) /* eq.(17) */ times larger than it was for the first sequence.
Else We then generated long sequences and tried to detect when and
h < a constant value where the method starts to diverge. As presented in Figure 6, we
Py(X) - ESTI MATE_DENSI TY(d,n,h,X) /* eq.(16) */ first drew a series c_Jf 41 strokes by hand. From this set, we gen-
Return Py(x) erated 20 consecutive sequences of 50 strokes and calculated their

respectiveKL, values. The resultingg size is thus 1000 strokes.
We realized that the 19th sequence (containing strokes 900 to 950)

3 Implementation and Results had a very large&kL,. This was because the algorithm started to
loop over the same stroke subset. A close inspection showed that
3.1 Requirements and Implementation the method started to diverge around stroke 910.

We also generated highly correlated sequences where the order
As we stated previously, our implementation contains two comple- in which the strokes are placed is crucial. As shown in Figure 7,
mentary parts: thé&l-gramalgorithm and the statistical cost func-  our method was able to successfully generate words made out of
tion KL, that comes with it. While testing our program, we found strokes as well as a cloud of small crosses.

out that the stroke generation algorithm is very sensitive to the  All stroke generation were done interactively and required a
choice of the window Wldti'N, the form of the strokes and their small amount of memory. Typ|ca||y' from a training set of 50
layout. In fact, as a rule of thumb, there are two things we can say. hatches, our method requires no more than 2 seconds and 50KB
First, the more complex the strokes are, the bigger the training se-of memory to synthesize 500 strokes. We made these tests on a
quence needs to be. Secondly, highly correlated sequences such asaGHz Athlon processor.

those presented on Figure 7 always require a lafgEortunately, The last question to answer is more tricky since our method was
most of the time when one of these two conditions is not respected,pyilt to generate linear sequences of strokes and daanmiori
the cost functiork L reaches large values and warns us that some- address the problem of 2D drawing. Nevertheless, we overcame
thing goes wrong. In such a case, the synthesis process is stoppeghat limitation by carefully incorporating the artist in the drawing
and the problematic curves are eliminated. The process can therprocess. That drawing process is simple : when a stroke based
be restarted over the last strokes so far generated with a new set ofnage is to be rendered, the artist is asked to use a brush to specify
parameters (typically, a larger window silxi. where the linear sequences of strokes are to be placed in the image.
Its important to understand that thisl, “large value” is not  This idea was already explored by [DONI1] who showed that
a universal and absolute threshold above which the resulting sethis approach brings successful results. The linear stroke sequences
quence isalways visually bad. This threshold depends on the are generated on the fly by our method using a given training set
stroke’s form and the sequence complexity. Typically, a simple se- of strokesz. That way, the artist is not evicted from the creation
quence such as the one on Figure 2 will have a threshold arounchrocess and have an intuitive way to freely distribute the strokes
0.4. On the other hand, a more complex one such as Figure 7 (abn the 2D image. A concrete example of that drawing process is
will have a threshold located near 0.25. After all the tests we have shown in Figure 8. Such a tool manages the "mechanical” aspect of
made, we can say that for a majority of stroke sequences, the relateghe stroke generation process and leave the artist in control of the

threshold is located somewhere between 0.2 and 0.5. aesthetic aspect of the artwork. More drawing examples using this
This threshold concept is fuzzy because it is directly related to method are presented in Figure 9.

the subjective appreciation of the user. An acceptable result for one
may not be it for another. TheL, threshold evaluation is thus left L
to the user. 4 Limitations

Our implementation is simple and straightforward. Depending
on the choice of the user, the strokes can be Bezier curves or straighDur method suffers from two inherent limitations. The first one
lines. In either case, a stroke is always represented as a vector o€omes from the fact that our method is not a “true” stroke genera-
variables and the stroke sequences as an array of vectors. As showtion algorithm in the sense that no strokes are really generated. This
in function GENERATE_STROKES( . ) , during the synthesis phase, N-grambased method picks up strokes from the training set and du-
the generated strokes are always picked up in the trainirg aed plicates them in the generated set. Consequently, \ipésivery
copied in the generated s&t much bigger thaiz;, it contains a large number of strokes but with
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Figure 5: Starting fronZ;, we generated three different sets all having size 50. The first one was computed using a window width of 10, the
second one 6 and the last one 4. It can be seen that the third sequence is visually differ@affits relatedKL; is large.
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Figure 6: From a short hand-drawn sequencef size 41, a londy sequence is synthesized one block of 50 strokes after the other. After
generating 2 block L, is not large and the result is visually similarZp On the other hand, after synthesizing 950 strokes (19 blocks),

KL, gets very large telling us something wrong is going on with the result. A closer inspection showed that the method started to generate
the same stroke subset over and over around stroke 910.

Training setZ; KL2: 0.14 Generated s&g
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Training setZ; Generated s&g
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Figure 7: Highly correlated sequences generated successfully using our method.

a limited variety of form. This leads to the situation where equation
(2) fails to be true andKL, loses its meaning. In other words, the
KL, value makes sense only when the two sequences have similar
number of strokes. This limitation is not crucial in computer-aided
drawing since generation of long sequences can be made block
by block as shown in Figure 6. That wa$i, is always meaningful
while bringing a solution to the divergence problem.

The second limitation comes with the meaning of the statistical
. ) . metric KL,. As we said earlier, this metric represents the statis-
Figure 8: Image (a) is the scene the user wants to draw and (b) is thgjca| distance between two density functions that do not take into
training set of str(_)kes. ((_:) illustrates some drawing paths entered by;ccount the conditional aspect of the stroke sequences. It pays at-
the artist and (d) is the final result. tention only to the general distribution of strokes and not to how
they are put together. Consequently, a Ky value does not im-
ply that the visual distance between the two sets is snkdlh is
rather anegativeindicator that underlines visually unpleasant re-

(D) AN AARIXN Training set : Z



sults when it gets large. Fortunately, degenerated cases where th®o link the tone of the strokes with a given input picture in order

statistical metricKL, does not fit the visual perception are rare. to help smooth out the shades. Varing the width of the strokes and

KL, have been useful for the majority of examples we have tried using a method inspired of the one proposed by Peaah[EPFO1]

and we believe that this approach provides a first step towards aare amoung the possibilities.

more versatile metric for comparison between visual objects. As we stated in the introduction, one of our long-term goals is
to be able to extract the style of a work of art in order to apply it

. in a 2D or 3D scene. Understanding what the drawing style is, ex-

5 Conclusion tracting it from a sample of artwork and transferring it into a scene
are still problems for future work. In this perspective, the present

In this paper, we have presented a new approach to syntheticcontribution represents only one piece of the puzzle. Nevertheless,

computer-aided hatching, engraving and similar artistic techniques.we believe that it is a useful first step in the right direction.

The goal here was to grasp the notion of style from typical hatch-

ing. We believe that the style of a stroke sequence is given by the
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Figure 9: These for images were generated interactively with a brush that generates stroke sequences similar to the Faining set
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